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Human Neocortical Neurosolver 

A new tool for circuit level interpretation of MEG/EEG 



Cortical Column 



100-1000S pyramidal neurons & 1/3 
ration of inhibitory neurons per layer' 


Unique model of human current source 
signals from dendritic current flow. 

User-friendly, GUI driven, hypothesis 
development and testing tool. 

http://hnn.brown.edu 

In collaboration with Matti Hamalainen, 

integrating with current source modeling 

(minimum-norm-estimation). 

http://martinos.org/mne/stable/index.html 

http://mmvt.org (Noam Peled) 


Jones et al.J. Neurosci. 2007; Jones et al.J. Neurophys. 2009; Ziegler ... Jones Neuroimage 2010; Sherman ... Jones PNAS 2016, 
www.senselab.med.yale.edu/ModeDB 
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Beta Rhythms (l5-29Hz) Decrease 
the Salience of Sensory Signals 
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High beta power is a signature of “inhibited” perception 


Jones et al. J. Neurosci. 20 10 see also 

Sacchet... Jones J . Neurosci 20 15; Hwang... Luna J . Neurosci. 20 14, Hwang... Luna Neuroimage 20 16. 
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Why does beta inhibit processing? 
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Applying HNN to study mechanisms by which beta inhibits perception 

What does beta look like in unaveraged data? 

What features contribute to functionally relevant differences in average power? 
What are the circuit mechanisms underlying these differences? 

How do these mechanisms translate to inhibited function? 

New theory on the circuit level dynamics creating beta predicts 
beta decreases the salience of sensory input via layer specific 
recruitment of inhibition that decreases the relay of information. 




































Applying HNN to study mechanisms by which beta inhibits perception 

What does beta look like in unaveraged data? 
























Spontaneous Beta Rhythms Are Transient 


Single Trial Data (1 Second) 


_l_l_l_l_l_l_l_l_l_ 


- 1 - 1 - 1 - 1 - 1 - 1 - 1 - 1 - 1 - 

_l_l_l_l_l_l_l_l_l_ 


-1-1-1-1-1-1-1-1-1- 

_I—__l_l_l_l_l_l_l_l_ 


-1-1-1-1-1-1-1-1-1- 

_I_I_I_I_I_I_I_I_I_ 


-1-1-1-1-1-1-1-1-1- 


_l_I_ 


_I_I_ 


I-1— 


“i-r~ 


_i_i_i_i_i_i_i_i_i_ 



“i-r~ 


“i-r~ 


i_i_i_i_i_i_i_i_i 





D 15x10 17 
. 


Average 100 Trials 

jjT Average of 100 trials in the frequency domain 



7x10 

0 


-17 


Beta component of SI rhythm emerges as brief “events” (<l50ms) 


SR Jones Current Opin. Neurobiology 2016 


























Spontaneous Beta Rhythms Are Transient 


Single Trial Data (1 Second) 


_l_l_l_l_l_l_l_l_l_ 


- 1 - 1 - 1 - 1 - 1 - 1 - 1 - 1 - 1 - 

_l_l_l_l_l_l_l_l_l_ 



-1-1-1-1-1-1-1-1-1- 

_I—__i_i_i_i_i_i_i_i_ 



-1-1-1-1-1-1-1-1-1- 

_i_i_i_i_i_i_i_i_i_ 

-1-1-1-1-1-1-1-1-1- 

\/^\/\/\^^ 

_i_i_i_i_i_i_i_i_i_ 

-1-1-1-1-1-1-1-1-1- 

_i_i_i_i_i_i_i_i_i_ 


i-1-1-1-1-1-1-1-r 



J_I_I_I_I_I_I_I_L 


1-1-1-1-1-1-1-1-T 



J_I_I_I_I_I_I_I_L 


“i-r~ 


“i-r~ 


i_i_i_i_i_i_i_i_i 





x 10 



Frequency 


Beta component of SI rhythm emerges as brief “events” (<l50ms) 


SR Jones Current Opin. Neurobiology 2016 


























Features of Transient Beta Events are Conserved 
Across Recording Modalities and Species 
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MEG Beta “Events” Have Stereotypical Waveforms 
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Beta frequency determined by duration of dominant 
deflection that lasts one beta period ~50ms. 


Sherman.... Jones, PNAS 2016; Jones COIN 20 16 
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Different Waveform Shapes Can Give Similar Frequency 
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MEG Beta Event Waveform (Sherman... Jones, PNAS 2016) 

* Cole ... Voytex J. Neurosi 2017: MI beta events in Parkinson’s 
Disease patients have “sharper” peaks; normalized by DBS 




























Applying HNN to study mechanisms by which beta inhibits perception 


What does beta look like in unaveraaed data? 

Beta “events” are transient (< 150ms) with a stereotypical waveform. 


























Applying HNN to study mechanisms by which beta inhibits perception 

What does beta look like in unaveraged data? 

Beta “events” are transient (< 150ms) with a stereotypical waveform. 


What features underly functionally relevant differences in average power? 
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Number of Beta Events Correlates Most with Avg. Power 
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Trend is conserved across tasks and species 

































































Number of Beta Events is Higher in Non-Detected / Non-Attended Trials 
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Trend is conserved across tasks and species 
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Applying HNN to study mechanisms by which beta inhibits perception 

What does beta look like in unaveraged data? 

Beta “events” are transient (< 150ms) with a stereotypical waveform. 

What features underly functionally relevant differences in average power? 

The number of beta events is greater during non-detected / non-attended 
trials, and non-detected trials have more recent beta events. 
























Applying HNN to study mechanisms by which beta inhibits perception 

What does beta look like in unaveraged data? 

Beta “events” are transient (< 150ms) with a stereotypical waveform. 

What features underly functionally relevant differences in average power? 

The number of beta events is greater during non-detected / non-attended 
trials, and non-detected trials have more recent beta events. 

What are the circuit mechanisms underlying these differences? 














































Using HNN to Simulate Macroscale Beta “Events” 
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Testing Model Predictions with Invasive Recordings 
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Testing Model Predictions with Invasive Recordings 




Anesthetized Mouse Layer IV 
LFP Beta “Events” 
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Beta event waveform is consistent across recording modalities and species. 
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Applying HNN to study mechanisms by which beta inhibits perception 


What does beta look like in u nave raged data? 

Beta “events” are transient (< 150ms) with a st 



m. 


What features underly functionally relevant differences in average power? 

The number of beta events is greater during non-detected / non-attended 
trials, and non-detected trials have more recent beta events. 


What are the circuit mechanisms underlying these differences? 

Beta events emerge from a broad proximal excitatory synaptic drive 
simultaneous with a strong distal drive that last one beta period ~50ms. 
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trials, and non-detected trials have more recent beta events. 


What are the circuit mechanisms underlying these differences? 

Beta events emerge from a broad proximal excitatory synaptic drive 
simultaneous with a strong distal drive that last one beta period ~50ms. 

How do these mechanisms translate to inhibited perception? 

































Beta Decreases Tactile Evoked Response Peaks that 

Predict Detection 





Beta decreases M70 peak. 

Smaller M70 implies less likely to detect stimulus. (Jones et al.J. Neurosci. 2007) 


Robert Law.... Jones, in preparation 






Beta Decreases Tactile Evoked Response Peaks that 

Predict Detection 





Beta decreases M70 peak. 

Smaller M70 implies less likely to detect stimulus. (Jones et al.J. Neurosci. 2007) 

Why? 


Robert Law.... Jones, in preparation 






Human Neocortical Neurosolver Shows Layer 
Specific Sequence of Drive Generates ERP 



Jones et al.J. Neurosci. 2007 
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Human Neocortical Neurosolver Shows Layer 
Specific Sequence of Drive Generates ERP 
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Human Neocortical Neurosolver Shows Development 
Changes in SEFs Can Emerge From Increased Distal Drive 
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Human Neocortical Neurosolver Shows Differences in 
Steady State Tactile ERs in ASD can Emerge From Ratio 

of Feedforward & Feedback Connectivity 


Khan... Kenet BRAIN 2015 




Data analysis suggested increased feedforward (SI-S2) and decreased feedback (S2-SI Connectivity. 
Increased feedforward relative to feedback drive in model reproduced correlates of ASD. 























HNN Reproduces Beta’s Impact on Tactile Evoked Response 
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Applying HNN to study circuit mechanisms creating beta rhythms 
and to understand if and how they causally inhibit perception 


What does beta look like in unaveraged data? 
Beta “events” are transient (< 150ms) with 


'eotypical waveform. 


What features underly functionally relevant differences in average power? 

The number of beta events is greater during non-detected / non-attended 
trials, and non-detected trials have more recent beta events. 


What are the circuit mechanisms underlying these differences? 

Beta events emerge from a broad proximal excitatory synaptic drive 
simultaneous with a strong distal drive that last one beta period ~50ms. 

w i 

How do these mechanisms translate to inhibited perception? 

Beta decreases the salience of sensory input via recruitment of supra- 
granular inhibition that decreases relay of sensory information. 












































Talk Outline 

• Human Neocortical Neurosolver (HNN): A computational neural modeling tool 
for circuit level investigation of MEG/EEG signals generation 


• HNN reveals novel mechanisms and meaning of brain rhythms and sensory 
evoked response 


• A brief tour of HNN: GUI driven, open-source access, tutorials 
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Open Source Access : https://hnn.brown.edu 

• Installation instructions (Linux, Windows, MAC) 

• Tutorials on how to 

1. simulate sensory evoked responses 

2. simulate low frequency oscillations (alpha, beta, gamma) 

3. compare simulation to recorded data 

4. view layer specific dipoles & cell spiking and voltage activity 

5. perform time-frequency analysis 

• “Under the Hood” Manual 

• Users Forum 
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Conclusions 




• HNN is a neocortical column model under thalamocortical / cortico-cortical drive 
that simulates MEG/EEG primary currents based on their biophysics. 

• HNN combined with MEG and invasive animal recordings revealed novel 
mechanisms and meaning of evoked responses & neocortical beta rhythms. 



- Beta “events” are transient (<150ms) with a stereotypical waveform. 

- The number of beta events (‘rate’) is greater during non-detected / non- 
attended trials, and non-detected trials have more recent beta events. 



- Beta events emerge from a broad proximal drive simultaneous with a 
strong distal drive that lasts one beta period ~50ms. 

- Beta decreases the salience of sensory input via recruitment of supra- 
granular inhibition that decreases the downstream relay of information. 

• HNN software can be accessed at https://hnn.brown.edu . Please join our 
google group https ://groups.google.com/forum/#!forum/hnnsolver and 
help contribute to turning HNN into a powerful tool for your hypothesis 
testing needs. 
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